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Insulator inspection is critical for power system maintenance, but existing methods have challenges in
terms of efficiency and accuracy. We propose Insulator Detection Real-Time DEtection TRansform-
er (ID-RTDETR), an optimized RT-DETR framework with four key innovations for insulator detection.
Firstly, Partial Reparameterized Block (PR Block) uses partial convolution with reparameterized in the
backbone network, which reduces the computational cost and maintains the feature quality. Secondly,
Focusing Diffusion Feature Pyramid Network (FDFPN) realizes the direct interaction of cross-scale fea-
tures, which can effectively capture different defects. Thirdly, the Attention-based Intra-scale Feature
Interaction efficient (AIFI-efficient) reduces the complexity of feature interaction through the additive
attention mechanism. Fourth, the Generalized-Inner IoU (G-Inner IoU) loss function is proposed to com-
bine global optimization with local refinement for accurate fault localization. Through the experiment,
PR Block reduces parameters by 28.76% and computational cost by 24.78% while improving mAP50:95 by
1.62%. AIFI-Efficient enhances the inference speed of algorithms while maintaining accuracy. FDFPN
enhances mAP50:95 by 3.10% through cross-scale feature interaction. G-Inner IoU increased by 2.74% in
mAP50:95. The synergistic combination of all four modules achieves optimal performance. After exper-
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iments, compared with the baseline RT-DETR, ID-RTDETR improves the mAP50:95 by 1.8 percentage
points, reduces the model size by 17.10%, and reaches 71.6 fps. ID-RTDETR provides an efficient and accu-

rate solution for automatic insulator inspection.

KEYWORDS: Insulator Detection, Cross-scale feature fusion, AIFI-Efficient, Additive Attention, Re-

al-time detection.

1. Introduction

Power transmission infrastructure forms the back-
bone of modern society. Insulators are key compo-
nents to ensure safe and reliable power transmis-
sion. However, insulators exposed for along time are
prone to various defects [38]. Recent studies indi-
cate that 81.3% of power accidents in transmission
systems are caused by insulator defects [16]. Failure
to detect and address these defects promptly can re-
sult in economic losses and safety hazards, making
regular inspection essential for grid reliability [1].

The traditional manual detection methods have
limitations, including high labor costs, safety risks
for personnel working at height, and subjective as-
sessment variability [12]. Recent comprehensive
surveys have highlighted both the achievements and
limitations of conventional non-destructive testing
(NDT) approaches. Traditional radiographic and
ultrasonic examination techniques can provide re-
liable results, but they face challenges in automatic
detection and real-time processing [17,27]. Similar-
ly, advanced NDT techniques can now detect small-
scale defects with better sensitivity and resolution.
However, these techniques still have two main prob-
lems: low computational efficiency and the need for
expert knowledge to interpret results accurately
[25]. These limitations have catalyzed the transi-
tion toward machine learning and deep learning ap-
proaches. Deep learning can automatically learn de-
fect features from large-scale data and provide fast
and consistent detection results [28].

Current deep learning approaches for insulator de-
tection broadly fall into two categories: two-stage
detectors that prioritize accuracy and single-stage
detectors that emphasize efficiency [8,10,26,39,29].
Two-stage methods, exemplified by the R-CNN fam-
ily, achieve high detection precision through region
proposal networks followed by classification and re-
finement stages [21]. However, their computational

complexity is high. Li et al. [13] indicated that the
computational complexity of the two-stage detector
stems from its separate region proposal and classi-
fication stages. Mittal [20] proposed that two-stage
detection poses significant challenges for real-time
applications and resource-constrained edge devic-
es. Conversely, single-stage detectors like the YOLO
series offer faster inference but often compromise
detection accuracy [37]. Xiuling et al. [34] indicated
that the single-stage method might compromise the
precise localization and classification of challenging
targets. Dogra et al. [11] also proposed that the accu-
racy of single-stage methods limits the development
of hybrid architectures.

With the development of automatic insulator detec-
tion methods, Liu et al. [18] performed a thorough
review of such detection techniques. Their study
underscores the shift from conventional image pro-
cessing methodologies to those grounded in deep
learning. The research emphasizes the transforma-
tion from traditional image processing techniques
to deep learning-based methods. Chen et al. [5] pro-
posed ID-YOLOvV?7, which addresses the complex
backgrounds and subtle defect features in distribu-
tion networks. Compared to baseline methods, their
approach achieved significant improvements in
false detection and omission rates. Similarly, Wang
et al. [30] introduced the IF-DETR model, which
enhances the detection transformer framework
for insulator defect recognition, resulting in an in-
crease in average accuracy by 2.3% over leading ex-
isting methods. Xu et al. [35] further advanced the
field with MAP-YOLOvVS, combining GSConv and
SimSPPF modules to reduce computational com-
plexity while improving efficiency. Wang et al. [31]
combined the ResNeSt network with a region pro-
posal network, achieving significant improvements
in feature representation capabilities and candidate
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region generation quality. Zhao et al. [41] optimized
the Faster RCNN for improved fault detection and
insulator recognition in environments involving
transmission lines, concentrating on enhancing the
accuracy and robustness of target detection within
intricate power settings. Wang et al. [32] proposed
a universal plug-in module, MCI-GLA, which sig-
nificantly improved detection accuracy without sig-
nificantly increasing computational complexity. Shi
et al. [24] based on the latest YOLOVS architecture,
this study conducted an in-depth optimization spe-
cifically targeting the small objects.

Carion et al. [4] introduced DEtection Transformer
(DETR), marking a paradigm shift in object detec-
tion by eliminating the non-maximum suppression
(NMS) through end-to-end learning. Despite its
innovative design, the computational complexi-
ty inherent in the DETR significantly restricts its
practical application in real-time scenarios. Rec-
ognizing this challenge, Zhao et al. [42] developed
the Real-Time DEtection Transformer (RT-DETR),
which marks a significant advancement as it is the
first object detection system to integrate a real-time,
end-to-end methodology grounded in a Transform-
er architecture. This development opens new ave-
nues for deploying object detection technologies in
applications requiring immediate processing and
response. While RT-DETR demonstrates improved
accuracy-efficiency trade-offs compared to tradi-
tional CNN-based detectors, its direct application to
insulator detection reveals several limitations. The
standard RT-DETR backbone processes all feature
channels uniformly, leading to computational re-
dundancy. Additionally, its feature pyramid network
struggles with the extreme scale variations present
in insulator defects. Although the attention mecha-
nism is powerful, its high computational complexity
poses challenges to practical application [14].

Despite extensive research on automated insulator
inspection, a critical gap remains in achieving si-
multaneous improvements in both detection accu-
racy and computational efficiency. Existing methods
typically require choosing between high accuracy
with substantial computational costs or real-time
performance with compromised detection quality.
This trade-off is particularly problematic for edge
devices that must maintain real-time performance
and high precision [5]. Recent studies have shown
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that small object detection in high-resolution trans-
mission line images remains a significant chal-
lenge [36]. To address these limitations, this study
presents Insulator Detection Real-Time DEtection
TRansformer (ID-RTDETR). This is an enhanced
detection framework specifically designed for effi-
cient and accurate insulator defect identification.
Our contributions are as follows:

1 Development of an extensive insulator anomaly
detection repository comprising 2,900 meticu-
lously curated images. Data is annotated by profes-
sional electrical engineers to ensure high quality.
This resource substantially advances computer vi-
sion applications within electrical infrastructure
inspection domains.

2 This study proposes four innovative modules
for insulator detection. Partial Reparameterized
Block (PR Block) for efficient feature extraction.
Attention-based Intra-scale Feature Interaction
Efficient (AIFI) - Efficient facilitating opti-
mized single-scale computation. Feature Direct
Fusion Pyramid Network (FDFPN) for cross-
scale feature interaction. Generalized-Inner IoU
(G-Inner IoU) loss function for precise fault lo-
calization combining global optimization with
local refinement.

3 This study develops ID-RTDETR, achieving
17.10% model size reduction, 1.80 percentage
points mAP50:95 improvement, and 71.6 fps
inference speed through comprehensive archi-
tectural optimization. ID-RTDETR providing a
practical solution for real-world power system
inspection.

Through comprehensive experiments on the in-
sulator dataset, we demonstrate that ID-RTDETR
achieves advanced performance while significantly
reducing computational requirements, providing a
practical solution for automated power infrastruc-
ture inspection. This article consists of six chap-
ters. Section 1 clearly defines the challenges faced
in insulator detection. Section 2 describes repos-
itory construction methodology. Section 3 details
ID-RTDETR architectural design. Section 4 pres-
ents comprehensive experimental validation in-
cluding ablation studies and comparative analyses.
Section 5 examines implications and constraints.
Section 6 provides concluding observations.
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2. Dataset

This experimental dataset uses a self-created data-
set, with images sourced from China XD Group and
the internet, as showed in Figure 1. The dataset con-
tains 2,900 original images, including Broken, Flash-
over, and Insulator. All annotations are carried out
by professional electrical engineers. Each image was
labeled independently and cross-reviewed by at least
two experts. Annotation disagreements were resolved
through majority voting. Bounding boxes were drawn
tightly around visible defects. This process ensured
annotation consistency and minimized subjectivity.

In the subsequent experiments, we divided the data-

set into a training set, a validation set and a test set,
with a division ratio of 7:2:1, as shown in Table 1.

Table 1
Information about the Insulator detection dataset.
Class Instances Broken Flashover = Insulator
test 2901 393 46 254
train 2029 2656 570 1801
val 580 757 166 495
all 2900 3806 782 2550

Specifically, the training setis used to train the model,
the validation set is used to adjust the model’s hyper-
parameters during the training process, and the test
set is used to evaluate the model’s final performance.
The division of the dataset ensures the independence

Figure 1
Insulators dataset: (a) Broken; (b) Flashover; (¢) Insulator.
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between the training data and the test data, prevents
overfitting of the model, and also guarantees the reli-
ability of the experimental results. Next, we will in-
troduce the architecture of the RT-DETR algorithm,
the process of model training in combination with
the dataset, and the specific design.

3. Materials and Methods

3.1. RT-DETR Algorithm

RT-DETR represents a breakthrough in real-time
object detection through its innovative three-part
framework: a hybrid encoding mechanism, query
selection based on IoU awareness, and an adaptable
decoding structure.

Central to RT-DETR'’s design is its hybrid encoder,
which diverges from conventional DETR’s Trans-
former-only approach by integrating convolutional
and attention-based components. The system lever-
ages backbone networks like ResNet for multi-scale
feature extraction, subsequently processing these
representations via two specialized modules. The
Attention-based Intra-scale Feature Interaction
(AIFI) manages feature relationships within indi-
vidual scales while minimizing computational over-
head compared to standard Transformer encoders.
Complementing this, the CNN-based Cross-scale
Feature Fusion (CCFF) facilitates efficient integra-
tion across different feature scales without requir-
ing computationally expensive cross-scale attention
operations.
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For decoding operations, RT-DETR employs a con-
ventional Transformer decoder architecture that pro-
cesses encoder outputs alongside IoU-aware queries.
Through iterative self-attention and cross-attention
operations, the decoder gradually refines object local-
ization and classification predictions.

Notable advantages include reduced dependency on
extensive data augmentation and training samples.
The framework’s flexible decoder layer configuration
enables speed optimization without retraining re-
quirements. By eliminating non-maximum suppres-
sion while maintaining real-time capabilities, RT-DE-
TR achieves an optimal balance between detection
accuracy and processing efficiency. Figure 2 illustrates
the complete architectural design of RT-DETR.

Despite its advantages, traditional RT-DETR exhib-
its several limitations when applied to insulator de-
tection tasks.

1 The standard convolution operations in the back-
bone network result in high computational redun-
dancy and parameter overhead for processing in-
sulator images.

2 The AIFI module’s self-attention mechanism in-

troduces unnecessary computational complexity
that hinders real-time performance.

Figure 2
RT-DETR network structure.
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3 The conventional FPN structure lacks direct
cross-scale feature interaction, limiting its ability
to capture multi-scale insulator defects effectively.

4 Thestandard IoU loss function struggles with precise
localization of insulator faults, lacking the balance
between global optimization and local refinement.

Therefore, this paper proposes the ID-RTDETR al-
gorithm, which improves the accuracy and efficiency
of insulator detection.

3.2. ID-RTDETR Algorithm

The ID-RTDETR algorithm improves the short-
comings of the traditional RT-DETR algorithm, as
shown in Figure 3.

ID-RTDETR first introduces the PRConv (Partial
Reparameterized Convolution) module into the back-
bone network, enhancing feature extraction efficiency
through partial convolution and reparameterization
techniques. Next, it designs the FDFPN (Focusing
Diffusion Feature Pyramid Network), which enables
direct interaction between features across layers
through the Focus Feature module, breaking the hi-
erarchical limitations of traditional FPN. Next, the
AIFI-Efficient module is proposed to make the com-
plexity of mathematical operations decrease of feature
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Figure 3
ID-RTDETR network structure.
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interaction within the same scale. The final stage ofthe = feature representation capabilities. And traditional
model integrates the Generalized-Inner IoU (G-Inner  convolution processes all channels identically, leading
IoU) to elevate the fidelity of predicted bounding boxes.  towasted computational resources and difficulty in ef-

fectively capturing key defect features. To address this,
3.2.1. Design the PR Block we propose an improved structure called PR Block,
The traditional BasicBlock structure extracts features  which combines partial convolution [6] and reparam-
through convolution operations on all channels, re-  eterization [9] techniques. This module conducts con-
sulting in computational redundancy and insufficient  volution operations exclusively on a selected subset of

Figure 4
Partial Reparameterized Block structure.

Partial Reparmmeterized Block
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the channels from the input feature map, while leaving
the other channels intact. This approach effectively
strikes a balance between computational efficiency
and the preservation of crucial local details within the
data. The improved block is shown in Figure 4.

The core workflow of the PRConv module is based on
channel separation and selective processing mecha-
nisms. Firstly, the input feature map channels are di-
vided into two parts. The first quarter of the channels
undergo convolution operations, while the remaining
channels remain unchanged through identity map-
ping. During the training phase, reparameterized
convolution enhances the model’s expressive power
through a multi-branch structure. Specifically, the in-
put feature map is first divided into multiple subsets,
each of which is processed through different convolu-
tion operations and optimized through backpropaga-
tion. In the reasoning stage, multiple trained branch
convolution operations are fused into a 3x3 convolu-

Figure 5
Architecture of AIFI-Efficient mechanism.
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tion. This mechanism enables the network to allocate
computational resources only to necessary channels,
thereby more accurately capturing minor defects and
significantly reducing FLOPs.

hxkazxci. 6))

At the same time, partial convolution strategies can
effectively reduce the amount of computation. The
formula for the amount of computation is:

h><w><2cp+k2><c§. @)

3.2.2. ATFI-Efficient module

To enhance model capabilities and boost detection
accuracy while minimizing missed defects in weld-
ing inspections, we developed a component called
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AIFI-Efficient. Standard self-attention approaches
exhibit quadratic computational demands relative to
sequence length n, creating substantial processing
burdens for high-definition feature representations.
Our AIFI module leverages an additive attention
strategy that achieves linear complexity, delivering
marked improvements in processing speed [23].

The fundamental component within AIFI-Efficient
centers on its streamlined Additive Attention archi-
tecture, illustrated in Figure 5.

Module input features undergo dual parallel linear
projections, yielding query matrix Q and key matrix
K, both structured with nxd dimensionality. This
dual-pathway architecture preserves query-key in-
terplay foundations.

The system assigns a location-dependent weight
vector to each spatial location. These weights are
combined with their respective query vectors to pro-
duce a location-weighted output:

o, = Qi XW, - ©))

An aggregation process then consolidates these po-
sition-weighted elements via summation, forming
a comprehensive global query representation g that
captures sequence-wide query characteristics:

n
q= zai : @
i=1

Figure 6
Focusing Diffusion Feature Pyramid Network structure.
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Global contextual computation occurs through ele-
ment-wise multiplication, distributing aggregated
query data across all spatial coordinates to establish
comprehensive context encoding. Following this,
the contextual representation undergoes linear pro-
jection for feature transformation. Concurrently,
normalized input features combine with projected
context via residual linkage. This intermediate re-
sult receives additional linear processing, producing
the module’s final output representation.

3.2.3. Design the FDFPN

The conventional Feature Pyramid Network em-
ploys a simple layer-wise fusion strategy, which
struggles to fully leverage the complementary infor-
mation between features of different scales. Addi-
tionally, the unidirectional information flow in FPN
limits sufficient interaction between multi-scale
features, leading to false positives and false nega-
tives in complex contexts. As shown in Figure 6, FD-
FPN is proposed, which achieves efficient detection
of insulator defects through an innovative feature
focusing mechanism and multi-scale diffusion strat-
egy. The structure of FDFPN is shown in Figure 6.

As shown in Figure 7, the core design concept of FD-
FPN is to break the hierarchical limitations of tra-
ditional FPNs and enable direct interaction between
features across different scales. The network intro-
duces a Focus Feature module as its basic building
block, which can simultaneously process feature
maps from three different resolution levels.
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Figure 7
Focus Feature structure.
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This module divides the pooled features into two
branches: one branch performs downsampling
through strided convolution, while the other branch
first performs max pooling and then adjusts the
number of channels through convolution. This de-
sign ensures that useful details and semantic infor-
mation for defect detection are retained to the great-
est extent possible while reducing the resolution.

Upon the conclusion of the scale alignment process,
features extracted from three distinct levels are in-
tegrated in the channel dimension, resulting in the
creation of fused features that encapsulate multi-
scale information. This method allows for a richer
representation of the data, ensuring that various di-
mensions of information are considered together. To
elevate the network’s capacity for detecting defects
across a variety of scales, the FDFPN incorporates
a multi-scale diffusion mechanism. This approach
facilitates the dissemination of information across
different scales, further improving the network'’s
sensitivity and accuracy in identifying defects. By
leveraging this mechanism, the network can more
effectively respond to and analyze defects, regard-
less of their size or scale. This mechanism uses a

set of depth-separable convolutional kernels of dif-
ferent sizes to perform parallel processing on the
fused features. Each convolutional kernel is respon-
sible for capturing feature patterns within a specif-
ic receptive field range, ensuring that the network
can simultaneously respond to both fine cracks and
large-area defects.

The overall architecture of FDFPN adopts atwo-stage
cascaded design, forming a feature pyramid structure
with bidirectional information flow. The initial phase
of the process begins with the extraction of original
multi-scale features from the backbone network.
These foundational features are subsequently re-
fined through the first Focus Feature module, which
enhances them and generates preliminary enhanced
features. Following this enhancement, the features
undergo a sequence of upsampling and downsam-
pling operations. This processing allows for the cre-
ation of a new, optimized set of multi-scale features
that will support further analysis and development
in the subsequent stages of the process. The second
stage builds upon the first stage by reapplying the Fo-
cus Feature module for feature focusing, producing
the final detection features.
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3.2.4. Loss Function G-Inner IoU

Although the traditional GIoU loss function [40]
solves the problem of vanishing gradient of IoU in
non-overlapping cases by introducing a minimum
bounding rectangle, its ability to optimize the ac-
curacy ofw bounding box regression is still limited.
Especially when dealing with subtle defects on the
insulator surface, the GIoU loss is difficult to provide
an effective gradient signal to further optimize the
positioning accuracy in the later training stage when
the bounding boxes are already well overlapped. At
the same time, the morphological diversity of in-
sulator defects requires the detection algorithm to
not only accurately locate the overall area of the de-
fect, but also accurately capture the core part of the
defect. To solve this problem, this paper proposes
G-Inner IoU loss function, which organically com-
bines the global optimization ability of GIoU and the
local refinement mechanism of Inner IoU to achieve
more accurate localization of insulator defects.

The operational framework of G-Inner IoU incor-
porates an embedded auxiliary boundary system
designed to strengthen localization precision within
target central sectors, whilst maintaining the com-
putational advantages inherent to GIoU. Beginning
with the estimated boundary B, and true boundary
Bg, this methodology establishes the fundamental
overlap ratio through standard intersection-union
computation:

U BBy
\BpuBg\

Then we build the inner helper box with a scale of \
alpha, where \alpha is the scaling factor:

B,™ :(xg,yg,a-wg,a-hg) ®)
inner __ A 3 -
Bp —(xp,yp,a W, 0 hp). @)

The intersection and union ratio of the inner helper
boxes is calculated as follows:

2026/1/55

inner inner
[B"" "B}

inner inner | ©
B UB!

IoU =

inner

®

The core of G-Inner IoU lies in combining the pen-
alty term of GIoU with the internal IoU mechanism.
Let C be the smallest enclosing rectangle containing
the predicted and true boxes, then G-Inner IoU is de-
fined as follows:

G-Inner IoU = o, - IoU + w, - IoU,

_‘C—(Bp uBg)‘ ’ ©
C]

where ®, and o, are the weight coefficients. The final
G-Inner IoU loss function is expressed as follows:

L,

'G—Inner loU

=1-G-Inner IoU . (10)

4. Experiment

4.1. Evaluation Metrics

Insulator detection requires a balance between ac-
curacy and efficiency, while also having resource
usage requirements. Consequently, the present in-
vestigation employed Precision, mean Average Pre-
cision, parameter count, computational complexity
in GFLOPs, and frames per second as performance
indicators for comprehensive model assessment.
The formula is as follows:

P:LIOO% 11)
TP +FP

R:LIOO%. 12)
TP +FN

TP is a true example, FP is a false positive example,
and FN is a false negative example.
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1

AP=[ P(R)dR, (3)

0

where P(R) denotes the precision as a function of
recall R.

In discrete form, the AP can be approximated as the
sum over all distinct recall levels:

N

Z(Rn _Rn—l)pn 5 14

n=l

AP =

where P, and R, represent the precision and recall
at the n” threshold, respectively, and N is the total
number of recall points.

This metric quantitatively measures the detection
performance by integrating the trade-off between
precision and recall. The mean Average Precision
(mAP) is then calculated as the mean of AP across
all object categories.

1
mAP=ﬁZAP(q) @5)
q

4.2. Experimental Environment

Table 2 shows the environmental information of the
training process. To ensure the stability and compu-
tational efficiency of model training, all input images

Table 2
Experimental environment configuration.
Types Configuration
Ubuntu 20.04
Python 3.8.16
PyTorch 113
GPU RTX 4090
CPU 22 vCPU
CUDA 117
batch 16
workers 16
learning rate 1x10*
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were uniformly processed using an adaptive scaling
strategy to a resolution of 640x640 pixels. The num-
ber of epochs is 200.

4.3. Ablation Experiment

To comprehensively evaluate the contributions of
each innovative module in the ID-RTDETR algo-
rithm, we conducted an ablation experiment. The ab-
lation experiment aims to independently evaluate the
impact of each module on the overall performance,
thereby verifying the role of each module in improv-
ing detection accuracy and computational efficiency.
Specifically, we selected four key modules for abla-
tion analysis: PR Block, AIFI-Efficient, FDFPN and
G-Inner IoU. These modules are respectively respon-
sible for optimizing feature extraction, enhancing
computational efficiency, strengthening multi-scale
feature fusion, and improving the positioning accu-
racy of bounding boxes. The following experiments
will gradually analyze the function of each module,
demonstrate how they work together, and ultimately
enhance the performance of the model.

With PR Block architecture deployed, experimental
observations revealed that model parameters con-
tracted by 28.76%, processing complexity diminished
by 24.78%, while detection precision experienced a
positive shift of 2.11%. AIFI-Efficient maintained the
parameter quantity while increasing mAP50:95 by
1.22 percentage points. FDFPN achieved the high-
est individual improvement in mAP50:95, reaching
54.23%. This proves the important role of cross-level
feature interaction in improving detection accuracy.
The G-Inner IoU loss function increases mAP50:95
from 52.60% to 54.04% while maintaining the origi-
nal computational complexity.

PR Block and ATFI-Efficient mainly contribute to im-
proving computational efficiency, while FDFPN and
G-Inner IoU mainly enhance detection accuracy. The
combination of PR Block and ATFI-Efficient achieved
a P of 81.12% and a FPS of 75.6, demonstrating out-
standing efficiency optimization. The final model
combines all four modules, achieving the best balance
between efficiency and accuracy. The ablation exper-
iment verified the effectiveness and good synergistic
effect of the innovative module, achievingamAP50:95
of 54.40%, which was 1.80 percentage points higher
than the baseline. The algorithm parameters have de-
creased by 39.24% compared to the baseline.
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ATFI-
Efficient

\/

Table 3
Results of ablation experiments.
Methods | PR Block
basel
2 ol
3
4
5
6 ol
7 v
ours 8 \

\/

FDFPN

\/
\/

G-Inner
IoU

\/

P (%)

7709
79.20
7718
74.60
76.90
8112
75.26

75.10

mAP50
(%)

75.17
74.90
74.93
75.29
74.63
73.28
7447

74.98
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mAP50:95
(%)

52.60
5345
53.82
54.23
54.04
53.20
54.31

5440

Params = GFLOPs
oD @
38.6 56.9
275 428
38.6 57.2
431 66.1
38.6 56.9
275 43.0
32.0 52.2
32.0 52.2

FPS (f/s)

71.3
70.0
704
67.8
69.3
75.6
711

71.6

aThe"\" symbol indicates the corresponding module improvement.
b The experiment adopted the same configuration and epochs.

4.4. Verify the Validity by Comparison

4.4.1. Backbone Network Comparison

To verify the performance of backbone improved by
PR Block, we use comparative experiments. Table 4
shows the comparison of our backbone with multi-
ple backbones.

Experiments show that our backbone achieves
53.45% on mAP50:95, outperforming other methods.
‘While maintaining high accuracy, it also realizes ef-
fective control of the number of parameters and cal-
culation. When benchmarked against RT-DETR-r18,
the proposed architecture demonstrates 28.76%
fewer parameters and 24.78% lower computational
overhead, fulfilling lightweight design requirements.

Our backbone achieves an inference speed of 70.0
fps, comparable to RT-DETR-r18's 71.3 fps, and sig-
nificantly outperforms methods such as EfficientViT
(447 fps), RepViT (58.0 fps), SwinTransformer (30.4
fps), and ConvNext V2 (58.8 fps) This high-speed in-
ference capability shows that our model is effective.

4.4.2. Verify the AIFI-Efficient Module

The Grad-CAM [22] method to visually show the
changes in the attention distribution of the mod-
el before and after adding the Efficient module. By
comparing the detection results of three different
sets of scenes, the improvement of model perfor-
mance by the module is comprehensively evaluated.
This is shown in Figure 8.

Table 4
Compare different backbones.
Methods P (%) mAP50 (%) mAP50:95 (%) Params (M) GFLOPs (G) FPS (f/s)

RT-DETR-r18 7709 7517 52.60 38.6 56.9 713
EfficientViT [19] 75.55 7149 4774 216 272 447
RepViT [33] 76.82 70.01 48.69 264 36.3 58.0
SwinTransformer [7] 7840 67.65 4716 70.2 970 304
ConvNext V2 [15] 72.98 7045 48.94 241 319 58.8
ours 79.20 74.90 5345 275 42.8 70.0
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Figure 8
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Heat maps generated before and after the addition of AIFI-Efficient.

Image

AIFI

AIFI-
Efficient

Examination of gradient-weighted activation map-
pings illustrates pronounced improvements in spa-
tial attention mechanisms subsequent to Efficient
module deployment. The heat map of the original
RT-DETR shows that the attention distribution is
relatively scattered, while the improved model can
locate the core feature area of the target more accu-
rately and reduce the background interference.

The improved model presents more compact and
accurate activation regions in the heatmap. Spe-
cifically, the compact activation footprint reduces
localization ambiguity while strengthening fea-
ture-to-object associations. These improvements
manifest as decreased false detection rates and el-
evated recall performance, confirming the Efficient
module’s effectiveness in optimizing spatial percep-
tion capabilities. The architectural enhancement
thus establishes more discriminative feature rep-

resentations, enabling robust object identification
across challenging visual conditions.

The quality of heatmap generation is not degraded
by the pursuit of computational efficiency. On the
contrary, the more focused attention distribution
indicates that the module achieves substantial im-
provement in detection performance while main-
taining efficient computation. The heat map com-
parison experiment fully proves the effectiveness of
the AIFI-Efficient module.

4.4.3. Verify the FDFPN Module

In this study, comparative experiments are used to
prove the performance of FDFPN, and the experi-
mental results are shown in Table 5.

The experimental results show that FDFPN shows
obvious advantages in multiple key indicators.
Most notably, on the most stringent evaluation

Table 5
Compare different networks.
Methods P (%) mAP50 (%) mAP50:95 (%) Params (M) GFLOPs (G) FPS (f/s)
RT-DETR-r18 77.09 75.17 52.60 386 56.9 713
FDFPN 74.60 75.29 54.23 431 66.1 67.8
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index mAP50:95, FDFPN reaches 54.23%, which
is 1.63 percentage points higher than the 52.60%
of RT-DETR-r18. This significant improvement
fully proves the effectiveness of our proposed
multi-scale feature interaction mechanism. On the
mAP50 index, FDFPN also achieves 75.29%, which
is slightly higher than the 75.17% of the baseline
method, indicating that the model maintains a
stable performance in routine detection tasks. Al-
though the number of parameters of FDFPN is in-
creased from 38.6M to 43.1M, and the amount of
computation isincreased from 56.9 GFLOPs to 66.1
GFLOPs, this moderate increase is in return for a
significant improvement in detection accuracy.
More importantly, FDFPN still maintains the in-
ference speed of 67.8 fps.

4.4.4. Verify the G-Inner IoU

We compare G-Inner IoU with several existing loss
functions. The experimental results are shown in
Table 6.

Table 6
Compare different loss functions.
Methods P (%) mAP50 (%) mAP50:95 (%)
GIoU 77.09 75.17 52.60
Focaler IoU 74.36 74.90 53.12
G-Inner IoU 76.90 74.63 54.04

G-Inner IoU shows excellent comprehensive per-
formance in the comparison of different IoU loss
functions. G-Inner IoU achieves the highest score
of 53.12% on the most important mAP50:95 metric.
This result indicates that G-Inner IoU is more ro-
bust and accurate when dealing with detection tasks
with different IoU overlaps.

Table 7
Results of our model in the dataset.
Class Instances P (%)
all 580 75.10
Broken 579 62.58
Flashover 39 70.65
Insulator 427 92.08

2026/1/55

4.5. Comprehensive Analysis of Model

Table 7 documentation confirms ID-RTDETR's
distinguished performance characteristics within
insulator detection frameworks, yielding precision
rates of 75.10% coupled with recall measurements
of 69.78%, whilst average precision at 50% inter-
section threshold reaches 74.98% and comprehen-
sive average precision across 50-95% thresholds
stand at 54.40%. The detection of normal insula-
tors achieved optimal performance, with an accu-
racy rate as high as 92.08%. This performance is
primarily attributed to the FDFPN module effec-
tively capturing the multi-scale structural features
of the insulators. The detection performance for
damaged defects is relatively lower, with an accu-
racy rate of 62.58%, and an mAP50 of 65.59%. The
primary reason for the higher detection difficulty is
damage boundaries are often irregular, complicat-
ing precise localization. Flashover defects exhibit
unique detection characteristics, with a relative-
ly high accuracy rate of 70.65%, but a recall rate
of only 56.02%. This is primarily due to the limit-
ed number of flashover samples, which restricts
the model’s learning capacity. Furthermore, the
mAP50:95 for flashover defects is high. Because of
the localization accuracy is relatively good.

Meanwhile, to verify that the performance im-
provement of the proposed algorithm is statisti-
cally significant rather than caused by random
fluctuations during the training process, a statis-
tical significance test was conducted in this paper.
In this paper, the same experimental environment
was used for multiple trainings, and the P-value
of mAP50:95 was 0.0011, which was less than the
significance threshold of 0.05, indicating that the
performance difference of the improved model was
statistically significant.

R (%) mAP50 (%) mAP50:95 (%)
69.78 74.98 54.40
57.95 65.59 42.57
56.02 64.40 50.58
95.35 94.95 70.05
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Figure 9 shows several evaluation metrics that re-  Figure 10

flect the detection performance of the enhanced The Confusion Matrix of ID-RTDETR.
model. The fluctuation range of each index in the
later stage of training is small, which indicates that
the model has fully learned the feature representa-
tion of insulator defects.

2w o WL et

The confusion matrix representation provides crit-
ical insights into ID-RTDETR's discriminative ca-
pacity for multi-class insulator recognition tasks.
Through systematic evaluation of classification out-
comes, this analytical framework enables precise
quantification of detection accuracy across distinct
insulator variants. Figure 10 illustrates the gener-
ated confusion matrix, which delineates the algo-
rithm'’s classification behavior patterns and poten-
tial misclassification tendencies.
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The algorithm has a high accuracy rate in insulators, it pros s o RS
damage and flashover. The algorithm performs reli-

Figure 9
The detection effect of ID-RTDETR: (a) Precision; (b) Recall; (¢c) mAP50; (d) F1 comparison curve.
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ably in key fault categories and can effectively dis-
tinguish different types of equipment states.

4.5.1. Comparison of Different Models

Performance benchmarking of the ID-RTDETR
methodology encompassed detailed comparisons
with prominent object recognition frameworks
currently deployed, featuring RT-DETR implemen-
tations (r34 and r50 configurations) together with

2026/1/55

YOLO advancements (YOLOv10 [2], YOLOv12 [3],
and YOLOv13). Corresponding experimental data
are visualized in Figure 11 and in Table 8.

ID-RTDETR demonstrates a significant advantage in
overall performance. In the most critical mAP50:95
metric, our method achieved 54.40%, ranking first
among all comparison algorithms. In terms of model
efficiency, ID-RTDETR demonstrates outstanding
optimization results. The computational complexity

Table 8
Different algorithm results.

Methods P (%) mAP50 (%) mAP50:95 (%) Params (M) GFLOPs (G) FPS (f/s)
RT-DETR-r34 78.86 75.55 53.05 60.1 88.8 544
RT-DETR-r50 7T 76.54 54.54 82.1 1296 496

YOLOv10 78.63 7111 5243 5.8 8.2 123.8
YOLOv12 83.13 70.17 51.13 5.2 5.8 109.6
YOLOv13 8241 70.18 50.14 5.2 6.2 75.5
ID-RTDETR 75.10 74.98 54.40 32.0 52.2 71.6
Figure 11
Comparing different algorithms.
EP(%) WmAPSH(X) W mAPSD:I5(3)
RT-DETR=-R3& RT-DETR=-R50 YOLOW1L0 YOLOWLZ? YOLOVIZ ID=RTOETRH

Methods
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has been reduced by 41.22% and 59.72% compared to
RT-DETR-r34 and r50. Inference speed is a key met-
ric for evaluating the practicality of an algorithm. The
ID-RTDETR achieved a real-time processing speed
of 71.6 fps, which was significantly outperforms than
that of RT-DETR-r34 (54.4 fps) and RT-DETR-r50
(49.6 fps). Although the parameter number and com-
putational complexity of the YOLO series models are
relatively small, our method demonstrates a signifi-
cant advantage in detection accuracy.

It is worth noting that ID-RTDETR successfully
breaks the traditional contradiction between ac-
curacy and efficiency. Our algorithm significantly
reduces computational costs while improving de-
tection performance. These accurate and rapid fea-
tures make ID-RTDETR provide a practical solu-
tion for insulator detection.

2026/1/55

4.5.2. Generalization experiment.

To demonstrate the generalization of the model, this
study uses the China Power Line Insulator Dataset
(CPLID) public dataset for training. The dataset is
shown in Figure 12 and Table 9.

Table 9
Information about the CPLID.
Instances Insulators Defect
848 600 248

The training results were compared with those of
other models as shown in Table 10.

The detection accuracy and mAP50:95 of ID-RTDE-
TR are superior to several of the most advanced

Table 10
Test results.

Methods P (%) mAP50 (%) mAP50:95 (%) Params (M) GFLOPs (G) FPS (f/s)
RT-DETR 94.55 9811 78.09 38.6 56.9 72.3
YOLOv12 93.03 96.37 76.52 5.2 5.8 108.2
YOLOv13 94.88 97.25 75.80 178 6.2 108.6

ID-RTDETR 96.15 97.90 78.97 320 52.2 70.0
Figure 12

Images of the CPLID.
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methods at present, reaching 96.15% and 78.97%,
respectively. The algorithm is capable of real-time
processing and simultaneously maintains a favor-
able equilibrium between detection accuracy and
computational efficiency.

5. Discussion

Our research shows that the insulator detection ac-
curacy of the designed ID-RTDETR algorithm has
been improved by 1.69%. The PR Block’s partial con-
volution strategy eliminates redundant computa-
tions. AIFI-Efficient reduces complexity from O(n?)
to O(n) via additive attention. FDFPN makes full use
of the feature information between different scales
through direct cross-scale interaction. G-Inner IoU
merges the internal auxiliary box. It effectively han-
dles the irregular defect boundaries in damaged in-
sulators through dual optimization. ID-RTDETR
advances automated insulator inspection by achiev-
ing real-time, high-accuracy fault detection. Beyond
insulator inspection, ID-RTDETR can adapt to the
challenges of other scenarios involving small object
detection and real-time processing. Because of the
efficient feature extraction and multi-scale fusion
strategy.

Despite these advances, several limitations warrant
discussion. First, extreme weather scenarios could
challenge the model’s robustness. Secondly, the re-
call rate of flashover defects is relatively low, which
indicates that rare defect types remain challenging.
This might be due to insufficient training samples
and unique morphological features. Future work
should overcome the limitations that have been
identified in several ways. Synthetic augmentation
methods to augment the dataset could help achieve
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